ABSTRACT: Assessment of the human health risk posed by global climate change presents a new challenge to public health professionals. In contrast to conventional toxicological risk assessment, the health risk assessment related to global climate change must analyze stressors that consist of complex interrelated climate factors and risks that are mediated through intermediate species in varying ecosystems. A framework for ecologically based human health risk assessment helps distinguish the concepts of global climate change risk assessment from conventional risk assessment. Specific methods for linking climate variables with human disease include historical analysis of climate and disease data and the development of integrated mathematical models. Two historical climate-disease studies of malaria in Africa provide a starting point for further analysis. Early approaches to evaluating the human health risks from global climate change will include simple mapping of disease boundaries and climate factors. Con~puter-based geographical information system (GIS) technology will assist in the organization and analysis of climate, environment and disease data. Ultimately, complex integrated mathematical models may provide quantitative estimates of risk, but these models have not yet been validated. The collection of geographically organized relevant data through either field work or remote sensing technology will both help validate comprehensive integrated models and enhance our understanding of the associations between climate change and human health.
INTRODUCTION
Initial projections of the vulnerabilities to global climate change have focused on the economic impact of changes in natural resources, such as forests, foodcrops, fisheries, and damage to physical structures. While economic effects undoubtedly would impact upon the health of human populations, international scientists have recently begun exploring more primary effects of global warming on human well-being. Health risks from climate change must not be viewed in isolation from other determinants of human wellbeing, however, and an integrated approach will be required.
Continued accumulation of greenhouse gases in the atmosphere is anticipated to cause global temperature elevations of 1.5 to 4.5"C for a doubled atmospheric CO2 concentration (Houghton et al. 1992 , IPCC 1994 . Altered precipitation patterns, increased weather variability, and thermoexpansion of the oceans are also anticipated from global warming (Tegart & Sheldon 1992) . Subsequent health effects may include an increase in: (1) heat-related mortality and morbidity (Grant 1990 , Kalkstein & Smoyer 1993 ; (2) infectious diseases, particularly those that are arthropod-borne (Shope 1991 , Rogers & Packer 1993 ; (3) malnutrition and dehydration from threatened food and water supply (WHO 1990 , Parry & Rosenzweig 1993 ; and (4) general public health infrastructural damage from weather disasters and sea-level rise, aggravated by climate-related forced human migration (Leaf 1989 , Haines & Fuchs 1991 (Fig. 1 ). 
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GENERAL CONSIDERATIONS FOR HEALTH VULNERABILITY ASSESSMENT
Geographical and time-scale considerations
The assessment of health vulnerability due to climate change requires the geographical integration of 4 components: climate change itself, subsequent ecological change, human disease activity, and huma.n habitation ( Fig. 2) Since each of these components is the outcome of interrelationships among complex determinants, careful and comprehensive organization of data on a geographic basis will be necessary for accurate predictions. Additionally, analysis of human disease systems may be done on a variety of geographic scales, from a small region such as a watershed to an entire country or subcontinent. Such multiple, potentially overlapping analyses requiring the resolution of different layers of data on a variety of geographic scales also necessitates rigorous geographic data organization. The use of computer-aided geographic information systems (GIS) will aid in this geographic organization (detailed below).
Response time of human disease systems to climate change will vary by disease or location. Differences in response tim.e may result from different life spans of intermediate hosts, as well as from differences in interactions and feedback loops at various ecosystem levels. In general, a considerable lag time is anticipated for most human health endpoints. This is because of the inertia of the climate system itself as well as the multiple ecosystem levels whlch must be altered before human health is affected (with the exception or more direct disease processes, e.g. heat-related mortality). ipated to result from global climate change. Whereas the dose of a conventional hazard is usually expressed as a Availability of data magnitude such as concentration, the impact of climate variables such as temperature and rainfall is highly The data requirements for quantitative human dependent on temporal and geographical characterlshealth risk assessment related to climate change will tics in addition to absolute magnitude. Moreover, the be quite large because of the complexity of human disvariability, duration, frequency, and timing of climatic ease systems. Problems can be anticipated both in the events can contribute significantly to subsequent ecoresolution of the data available as well as the very exislogical change. The complexity of the dynamic ecologtence of necessary data. For example, the highest resical response and feedback to these climate variables olution of generally available GCM models approxinecessitates the development of integrated models mates 2" latitude by 4" longitude, corresponding to an rather than simple dose-response plots. area of nearly 100000 km2 (Dennis Joseph, NCAR, Processes that occur at an ecosystem level are not pers. comm.). Analysis of human disease systems may reproducible in a laboratory setting, nor do they follow require extrapolation of regional climate predictions to classical 'dose-response' patterns. Feedback loops and smaller areas, particularly in densely populated areas human and non-human adaptive responses are likely with highly variant topography.
to have a significant impact on the ultimate human Where data are not available, simplifying assumphealth vulnerability, since the time scales involved are tions will be necessary to generate an initial frameso long. The ability to predict and model such work for analysis. Such a framework can be used to focus interdisciplinary communication on assessing health risk and to identify priorities for integrated ' The EPA has recently revised its criteria for cancer risk assessnlent. Surrogate data from neighboring regions assessment to be more mechanistic in approaching causal or applying assulnptions from current trends might be relationships, as opposed to extrapolating merely from highdose stud~es. Subsequently, more attention is being directed more for pressing policy decisions ' The to effects on cellular processes, pharmacokinetics, molecular use of such assumptions and simplifications, while ,tructure.activity analysis, and low-dose jn vjvo studies potentially decreasing the quantitative accuracy of risk (Stone 19951 responses and feedback loops is still very limited. A new systems-based method of assessing risk due to interacting environmental factors is required. Nonetheless, analysis of vulnerability may proceed at a far simpler level and still produce useful results.
ECOLOGICALLY BASED HEALTH RISK ASSESSMENT
Unlike conventional risk assessment, an ecological risk assessment framework allows for evaluation of multiple ecological stress factors and their impacts on a variety of species within an ecosystem. In the context of climate change, an ecological risk assessment may better address nonchemical 'climatic hazards', for which dose-response relationships are less meaningful.
The 1992 U.S. EPA report 'Framework for Ecological Risk Assessment' (Risk Assessment Forum 1992), introduces a framework and terminology which helps distinguish an ecological risk assessment from conventional toxicological paradigms. Three phases define the framework: problem formulation, analysis, and risk characterization (Table 1) .
Problem formulation
Problem formulation requires early consideration of anticipated human health endpoints, and ultimately requires developing conceptual models to help guide analysis. For example, dengue fever outbreaks may depend on sufficient temperatures and moisture avail- Intermediate ecosystem changes due to climatic stress may also be conceived of as 'stressors' in a human disease system, since many of the human health impacts from climate change are anticipated to be ecologically mediated, e.g. through insect-vector habitats or marine vegetation. The term stressor, in place of 'hazard,' affords a broader accounting for the processes which can disrupt ecosystems which, in turn, may affect human health.
Endpoint selection and early indicators. Selecting the appropriate human endpoints to evaluate will be based both on empirical observations of diseases that respond to current changes of climate, such as unusual rains or hot spells, as well as on theoretical considerations of conditions that are likely to be altered by climate change (requiring extrapolation from observed climate changes to those predicted in GCM models Karl et al. 1995) .
tries of the Indian Ocean region in the past several years. Such empirical data stemming from inter-annual ENSO-ENSO is a climate phenomenon which is second only to related climate variability may aid in health risk assessthe annual seasonal cycle in its impacts on regional climent of climate change. Such data sets might then be mate variabhty (Nicholls 1993) . Anomalous fluctuations used to validate models such as the one developed by in precipitation, even to the extent of flood or drought
Martens and colleagues to assess the impact of climate conditions, have been known to result from climate variachange on the incidence of malaria (Martens et al. 1994) . tions influenced by ENSO events which occur approximately every 2 to 8 yr. ENSO most strongly affects counExperience with the human health impacts of ENSO can tries bordering on the tropical Pacific Ocean, but it is assist in estimating how populations with varylng levels of Linked through climatic 'teleconnection' to flooding and natural, technical, and social resources would differ in drought around the world (Glantz et al. 1991) . Biological their vulnerability to climate-induced health impacts. and ecological consequences from year-to-year variability Studies of ENSO can be used to reflne longer time scale might grant insight into the climate-related threshold models by helping to separate the Influence of climate on effects of global warming on human health. The following human health from the influences of other non-climateexan~ples suggest that for some human health conditions, related parameters. The time scale of ENSO permits the cllmate variability may be even more significant than opportunity to implement adjustments in climate forecastchanges in climate mean temperatures.
ing and impacts models, and to learn from mitigation and response strategies. It can introduce a dimension of iteraExtreme heavy rainfalls corresponding to ENSO events tive learning which is not possible on the time scale have been correlated with outbreaks of mosquito-borne required to validate models of global warming. ENSO infectious disease (WHO 1995) . For example, in temphenomenon may present an opportunity to learn about perate southeast Australia, rare but severe epidemics of the ability of human populations to react and adapt to Murray Valley encephalitis occur after extended periods changes in climate on time scales which are of interest to of rainfall and flooding which correlate with ENSO events policy makers, and to apply these lessons to long-term (Nicholls 1993) . Other vector-borne disease outbreaks planning.
whose ranges are defined by climate variables. Alterations among the sensitive intermediate species in a human disease system will occur far earlier than changes in human disease incidence or prevalence. By monitoring for such alterations, models may be validated and refined, and opportunities for possible early intervention may become apparent.
Analysis
The analysis phase takes the conceptual model developed in the problem formulation phase and evaluates the potential responses due to exposure to key stressors. The analysis phase incorporates approaches and terminology that differ from conventional risk assessment. 'Ecosystem characterization' is essential to both exposure and response assessments because of the bi-directional dynamics that often occur between ecosystems (including biotic and abiotic elements) and the climate system. For example, land use changes may affect micro-climate whlch could alter the effects of climate change on mosquitos, or irrigation of agricultural land may alter a drought's impact on crops. 'Exposure analysis' then attempts to superimpose the spatial and temporal distribution of stressors over relevant ecological components to determine points of contact between stressor and species within an ecosystem. The term 'stressor-response' supplants the concept of conventional dose-response by accommodating the potential multitude of outcomes or processes that can perturb an ecosystem.
Stressor-response analysis. The essential assessment (either quantitative or qualitative) of the impact of stressors on an ecosystem is determined in the stressor-response analysis. From the exposure analysis, described above, the associated magnitude of response is determined for the measurable endpoints identified during the first stage of the assessment. Knowledge of climate-related sensitivity or existence of threshold values for each given endpoint is the key to this central step in health risk assessment.
Sensitivity. The term sensitivity as used here refers to the amount a given assessment endpoint is affected by a given amount of change in a climate variable. In conventional terms, this would be analogous to the slope of the 'dose-response' curve in conventional risk assessment. In an ecological risk assessment, because the relation between stressor and assessment endpoint is more complicated, the ultimate 'sensitivity' of a human disease to climate change will often depend on the existence of a n organism in the disease system which displays marked alterations in reproductive or other types of behavior in response to changes in climate variables. For example, infectious agents which cycle through cold-blooded insect vectors to complete their development are quite susceptible to subtle climate variations (Dobson & Carper 1993; see Fig. 3 ).
Vector-borne microbes, because of their short life span and temperature dependency, can exhibit marked amplification of transmission capacity with increases in temperature. This has been demonstrated for dengue fever, for instance, in Mexico, where investigators found that median temperature during the rainy season was the strongest predictor of dengue infection in the population (Koopman et al. 1991) . In support of this field data, laboratory studies have found that the extrinsic incubation period for dengue virus (serotype 2) is shortened from the normal 12 day interval at 30°C to ? days at 32 to 25OC (Watts et al. 1987) Shortening the incubation period by 5 days could potentially triple the transmission rate of the disease (Koopman et al. 1991) . Thus, the sensitivity of dengue fever as a human disease system to climate change is suggested by this potential tripling in viral transmission rate in response to temperature increases within the range predicted by the IPCC assessment.
Thresholds. A concept related to sensitivity is that of 'threshold'. In conventional risk assessment, a 'threshold' refers to a sudden change in the slope of the doseresponse curve. For example, human sensitivity to temperature extremes varies on a physiologic basis. Heat-related mortality occurs at different temperatures depending on the latitude and typical temperatures for that area. For example, whereas Montreal shows an upswing in heat-related mortality at 2g°C, Dallas does not show a similar increase until 39°C (Kalkstein & Smoyer 1993) . Thus, Montreal may be said to have a temperature threshold at 2g°C, while Dallas exhibits a threshold at the higher temperature of 39°C. This variation necessitates separate analyses for each region that attempts a vulnerability assessment of heat-mortality.
When considering ecological risk assessment, the threshold may be better conceptualized as a point of Mean monthly rainfall Fig. 3 . Example of a bioclimatograph for a nematode species, H. contortus. There appears to be a distinct bioclimatic 'envelope' in which a species thrives. Also, notice the variation between 3 geographic locations [from Dobson & Carper (1993) with permission]
non-linear behavior of an ecosystem endpoint. Such non-linearity may be the expression of climate conditions which limit or prevent adequate reproduction of a n intermediate species. Conversely, non-linearity in the behavior of an ecosystem may relate to some critical reproductive or population parameter above which exponentially increasing transmission can occur. Thresholds may occur temporally, as changing climate within a given geographic area alters the behavior of an already-present human disease. They may also manifest geographically, as changing climate conditions allow migration of human disease into a previously unaffected area. This climate dependency translates into constrained geographic ranges within which human disease transmission can occur. A central concern related to the health effects of climate change is that global warming and climate change may extend the range of viability for infectious diseases, leading to the spread of disease into new geographic areas inhabited by more immunologically susceptible human populations. Such geographic change in the behavior of human diseases is likely to take place around ecotones, or border areas of transition between different ecosystems. As an example, the malaria parasite cannot develop inside its mosquito host at temperatures below 16°C (Gilles 1993 ). This constitutes a temperature threshold that may translate into altitude or other geographic borders for malaria in a given region. In Eastern Africa, many of the major population centers are situated at altitudes above the endemic areas of malaria. Should temperature increases in eastern Africa cross this 16°C threshold, malaria would be anticipated to spread into present ecotones between the low and higher altitude ecosystems. Thus, simultaneous understanding of the climate and geographic boundaries of human diseases is essential to predicting regional vulnerability to climate change (Box 2).
Risk characterization
Risk characterization results from the integration of stressor characterization and stressor-response analysis. To the extent possible, human adaptive responses should be integrated into the risk characterization. While a given disease system may be particularly sensitive to the effects of climate change based on biological or physiological characteristics, the ultimate vulner-ability of humans to that disease may be considerably lessened by adaptive responses. For example, projections of temperature increase in the temperate latitudes would render large areas in temperate regions susceptible to a resurgence of malaria (Jetten & Takken 1994 , Martens et al. 1994 , Matsuoka & Kai 1995 . It is likely, however, that widespread increases in malana incidence would be mitigated by pesticide use and other technological adaptations. Thus, while malaria as a disease system may be sensitive to climate change based on its biology, the population in developed countries would not likely be vulnerable because of economic and technological resources. Characterization of risk both in the presence and absence of adaptive responses may be useful in evaluating the cost-benefit characteristics of different adaptive responses. Such analyses will be greatly facilitated by integrated mathematical modelling (Martens 1996) .
Uncertainty analysis must accompany the overall integrated assessment. Uncertainty will be present at all levels of the risk assessment. During the conceptual model phase, incorrect assumptions may prove difficult to resolve. The inevitability of incomplete data must be addressed throughout the analysis, and errors in measurement and sampling will need to be transparent throughout the assessment process. Finally, the natural variability, or 'stochasticity' within climate and ecological systems must be adequately represented (Risk Assessment Forum 1992). Communication regarding uncertainties must occur between scientists and policy makers early on in the process to insure that the results of the risk assessment are accurately represented to constituencies at risk.
DEVELOPING METHODS FOR CLIMATE CHANGEIHEALTH ASSESSMENT
There is a need for a 2-tiered approach to the risk assessment of climate change, including the gathering of empirical climatehealth data which serves as the foundation for the second phase, scenario-based mathematical modelling. Empirical analysis uses historical climate and disease data to attempt to establish a causal link between climate and disease activity. Scenario-based mathematical modelling, on the other hand, uses climate data derived from computer models and disease models derived from both field and laboratory data to make predictions about disease activity. While validated quantitative models are still in the developnlent stages, qualitative evaluation may be useful for guiding public policy and for directing future research efforts. The improvement of data resources will allow better vulnerability assessment in the future as both climate change and human disease models become more refined and validated; this requires capacity building for improved surveillance and monitoring to detect changes.
Empirical climate change analysis
Meteorological data. A variety of meteorological approaches can be used in the historical analysis of the impact of climate on health: human comfort indices, synoptic climatological classifications, water budget analyses and energy budget analyses (WHO 1995) . The method to be utilized will depend on the health outcome of interest. For example, the synoptic classification scheme, which characterizes distinct air masses, affords greater predictive value than the use of single climate variables such as temperature and relative humidity in modelling heat mortality in temperate regions (Kalkstein 1991) . On the other hand, a water budget approach, which compares supply, or precipitation, with climatic demands for water, such as through evapotranspiration, may be more useful for other diseases (Mather 1993) . Insect vectors which include an aquatic stage in their life cycle will lend themselves to a water budget model to study climatehector-borne disease dynamics. For example, in Burhna Faso, where onchocerciasis is endemic, a water budget model was implemented to accurately predict black fly populations which depend on adequate stream flow rates for their development (Mills 1995) .
Evaluating gradual changes in climate and disease variables will necessitate the use of time series analysis, which involves the examination of multiple comparisons over a sequence of time (UNITAR 1994) . Data gathered over a long continuous period and at short time intervals provide the best data for time series analysis, but are often difficult to obtain. 'Change' analysis, which involves pair-wise analysis between 2 dates or, in the case of remotely sensed satellite data, 2 images, may be useful in the assessment of climaterelated ecological change.
Box 2. Climate and geographic distribution of malaria: methodologies from an African regional workshop
During March 1995, representatives from ministries of health and environment from 8 African countries (Botswana, Kenya. Malawi, Mozambique, Tanzania, Uganda, Zambia and Zimbabwe) attended the regional Health Vulnerabilities to Climate Change Workshop of the U S. Country Studies Program. Workshop participants identified malaria and malnutrition as the top priority climatesensitive diseases for the southeastern African region. Two studies from Rwanda and Zimbabwe, respectively. were used as examples of how malaria incidence could potentially change in response to climate factors.
Temperature and humidity are the most important factors for malaria transmission and the extrinsic incubation period of the pathogen shortens dramatically at temperatures above 20°C (Gilles 1993) . Climate factors whlch increase the breeding activity of Anopheles mosquitos are probably the most important cause of epidemic outbreaks since small increases In transmission can produce major epidemics (Gllles 1993).
The relationship of malaria incidence to local climatic change has been observed in Rwanda. In 1987, extension of malaria into higher altitudes resulted after record high temperatures and rainfall (Loevinsohn 1994) . Monthly malaria incidence in high altitude regions was exponentlally affected by changes in minimum temperature. In low altitude zones, rainfall and mean temperature were the most significant climate factors (Fig. 4 ) . The study concluded that areas near the current limits of malaria distribut~on would potentially be most vulnerable to climatic changes. Based on such observations, a relatively small increase in winter (minimum) temperature might facilitate the spread of malaria into large urban highland populations that are currently malaria-free, such as Nairobi in Kenya and Harare in Zimbabwe.
To no surprise, this study also found that the greatest increase in malaria incidence occurred in groups with the least acquired immunity to malaria: children aged < 2 yr and populations inhabiting high-altitude regions. Therefore, changes in disease incidence among children in areas adjacent to, but not within, endemic regions could be an early indication of the spread of malaria. 
High
Mid LOW A Z~mbabwe study showed malaria prevalence to strongly vary inversely with altitude (Taylor & Mutambu 1986) . In Zimbabwe, malaria ranged from being hyperendemic at altitudes below 600 m to being absent on the central highlands above 1200 m (Figs 5 & 6) . For the altitudes between these extremes, 'malaria is unstable and epidemic in nature' (Taylor & Mutambu 1986) . Since most of the populahon of Zimbabwe lives at these intermediate to h~g h altitudes, based on the results of the Rwandan study, a subtle shift in temperatures might be expected to significantly affect the public health of the region.
One way to begin to assess vulnerability to changing incidence of malaria due to climate change is to map regions suitable for Anopheles mosquitos and the Plasmodium pathogen under new climate scenanos. The first step years 1969 years -1981 years and 1972 years -1981 years , respectively [with perLoevinsohn (1993 l mission from Taylor & Mutambu (1986)J would involve mapping the current malaria endemic zones and obtaining averaged weather data for that corresponding area (Country Studies protocol is to attempt this for 30 yr of climate data, preferably from 1951 to 1980). By superimposing climate predictions based either on General Circulation Model (GCh4) scenarios or by arbitrary incremental changes in temperature or preclpitation, the potential new endemic area mlght be 'redrawn.' One important step towards this analysis has already been completed by Unganai (1996; this issue).
Predicted minimum temperatures for a 3 month period have been mapped under a doubled CO2 scenario using GCMs of the Canadian Climate Center and the Geophysical Fluid Dynamics Laboratory (see Unganai 1996) .
Epidemiological data. Epidemiology is the study of determinants and distribution of diseases within human populations. Fitted models can help predict health risk, given similar etiologic conditions, by statistical analysis of empirical data. Dynamic mathematical models have also been utilized in the early prediction of human outbreaks for some disease 'systems' such as vector-borne diseases, which may be most sensitive to climate. Transmission rate is expressed in terms of 'vectorial capacity', C, which provides the daily rate of potentially infectious contacts between vector and host. Ultimately, the rate of potentially infective bites can then be determined:
where m is the number of vectors per host, a is the daily number of blood feedings per vector, p is the vector's daily survival probability, and n is the number of days between the vector's ingestion of an infected blood meal and the point at which it becomes capable of producing infectious disease (the 'extrinsic incubation period') (Reiter 1988) . This example illustrates the predictive advantages that a mathematical model may provide so that public health personnel might be better prepared to anticipate disease epidemics emerging from climate-induced changes in any one of the independent variables. These variables may also serve as measurable endpoints, or bioindicators, within a n ecological risk assessment.
The above equation applies only to 'virgin' populations where the immune barrier to infection is absent. Consideration of the immune status of the human population is essential to achieve quantitative predictions of the spread of infectious vector-borne diseases. Pesticide and antibiotic resistance in some mosquito and protozoan populations, respectively, need to also be integrated into the assessment (Centers for Disease Control and Prevention 1994).
Though not comprehensive, this methodological approach provides an important step towards assessing the health vulnerabilities due to climate change. Subsequent analysis of overall regional risks might involve including outputs from this mapping exercise within a larger Integrated framework. For example, while increased rainfall at low altitudes may markedly increase the incidence of malana, ~t would simultaneously reduce the rlsk of malnutrition due to drought. Also, w~t h greater water availability, the risk of diarrheal diseases diminishes. The need for advances in integrated assessment is obvious; however, this should not discourage the pursuit of more directed analysis of significant priority outcomes such as malaria.
Integrated modelling
A specific disease model, such as the vectorial capacity equation illustrated above for vector-borne diseases could be embedded within a more integrated systems approach to better reflect the complexity of the broader relationships between climate, intermediate ecosystem changes, human health, and human adaptive capacity. Such analysis can account for interactions or feedback processes and can simulate dynamic changes over time . The article on the TARGETS model in this issue of Climate Research (Martens 1996) further details the application of systems analysis for health risk assessment. However, as the author points out, uncertainties accumulate with each model linkage, and large aggregated models may begin to misrepresent reality at a certain point.
Most human diseases have more determinants than just vector populations or climate variables ( Table 2) . Many of the primary determinants of human health (adequate food, clean water and secure shelter) are related to the outcomes of sectors such as agriculture, water resources and fisheries. In populations suffering malnutrition problems, the effect of climate change on agricultural production may have a greater adverse effect on human health than any given disease. Therefore, it is important to integrate these relevant systems into the human health assessment. Mathematical models are also necessary because predicted climate changes lie outside the range of past observations. A number of integrated models are currently under development for such diseases as dengue and malaria (Focks et al. 1993 , Jetten & Takken 1994 , Martens et al. 1994 , Matsuoka & Kai 1995 .
Understanding of human disease and the ability to model disease rates in the absence of climate change is still relatively undeveloped. While public health scientists agree that socioeconomic factors play a significant role in health and susceptibility to disease, just how to It should be stressed that GIS systems will quantify socioeconomic factors for use in disease prenot provide higher quality outputs than the quality of diction has not yet been determined. Moreover, even if the data which is entered into them; therefore attenthere were adequate ways to express socioeconomic tion needs to be paid to the proper collection and orgafactors quantitatively, there is a general paucity of nization of the data before computerized analysis is data, both for socioeconomic and disease variables.
initiated. Without geographically organized data to input, even GIS technology can assist in: (1) data collection; (2) the best models will have difficulty making accurate data management; (3) data querying; (4) modelling; (5) predictions.
decision-making (Glass et al. 1993) . Data sources can come either from standard record-keeping activities or from more targeted survey data. Remotely sensed data Capacity building for improved assessment and early would be especially useful in areas where data on popresponse ulation distribution, land use patterns, or transportation patterns are lacking (Glass et al. 1993) . For current Surveillance and monitoring. Attention needs to be problems, GIS can better enable identification of areas directed at detecting changes in climate-driven disin need of intervention and help assess impacts of such eases in sensitive geographic regions bordering measures. In the long-term, any geographical trends endemic zones. Establishing sentinel diagnostic cenresulting from climate change might be recognized ters located in such regions should be given considerasooner tion. Such detection will not only provide an early Remote sensing. Remote sensing (or remote satellite warning for possibly more pervasive changes in disimaging) can be useful in the analysis of diseases when ease behavior and allow for intervention, it will also enrich our knowledge on climate dependency of distheir distribution or epidemiology depends on climate and landscape features which determine habitats. eases and facilitate the creation of better predictive Vector-borne diseases are particularly influenced by models.
spatial and temporal fluctuations in vector populations Another surveillance approach which may be easier Vegetation partly determines vector populations, since to perform and also provide earlier warning for vectorplant composition in a region reflects the aggregate borne disease spread is the monitoring of habitat effect of temperature, precipitation and humidity changes which influence vector species populations (Washino & Wood 1994) . Satellite generated vegetative and infectivity. Monitoring their populations may index or habitat maps have been used to identify areas receptive to dengue fever and Lyme disease in the USA, schistosomiasis In the Philippines, and malaria in rice growing regions (Washino & Wood 1994) . Studies from Afr~ca demonstrate the potential utility of applying remote sensing technology by predicting both insect-vector abundance and pathogen activity within vectors. In one study in sub-Saharan Africa, remote sensing was applied to predict the regional risk of trypanosomiasis or African sleeping slckness which is carried by tsetse flies (Rogers & Randolph 1991) . The study showed a correlation between tsetse fly population density and vegetative characteristics identified from satellite images.
In another study addressing Rift Valley Fever, satellite imagery of vegetation in south-central Kenya was used to indicate levels of recent rainfall (Linthincum et al. 1987) . The authors found that in areas with a lush vegetation index by satellite pictures, virus activity was detectable in the corresponding mosquito populations. These 2 studies demonstrate the benefit of applying remote sensing technology to identify geographic habitat characteristics which may predict subsequent human disease. Areas of high risk can also be identified to help in achieving earlier and better focused control measures.
In combination, GIS and remote sensing technology may serve as a useful analytical tool. GIS allows for overlaying of maps with multiple components, some of which are easily acquired by satellite. For example, Landsat images can discern standing pools of water, and locate human settlements (Epstein et al. 1993) . When superimposed over maps of clin~atological, entomological and epidemiological data, enhanced integrated analysis may be possible.
CONCLUSION
The health effects expected from climate change will most likely stem from multiple environmental processes. Impacts may occur through changes in agriculture, natural resources such as fresh water or fisheries, or via multiple species within ecosystems, such as rodents or insect-vectors. Excepting heat waves or weather disasters, most of these ecologically mediated threats will involve complex ecological feedbacks in non-linear systems. A systems-based, ecological risk assessment is therefore in order.
Integrated mathematical modelling will be required for simulating such complex interactions, as well as for accounting for varying capacities to adapt to climatic changes across different populations. Accepting inevitable uncertainty, modelling can help in the analysis of interactions between climate change, subsequent ecological change, human disease activity, and human habitation. Yet, more emphasis needs to be placed on the process of modelling, rather than on the numerical outputs which are generated. That is, in the process of model building, a deeper understanding may emerge as researchers begin to identify key gaps in data and as answers are sought from a growing number of disciplines.
Natural, economic and demographic factors must be integrated into the health risk assessment. To the extent that data in key areas is missing, more simplifled and focused analysis should be encouraged in parallel with integrated modelling. Many of the consequences of climate change will be manifested geographically, primarily by shifts in disease distribution or by localized alterations in the supply of healthrelevant resources. The mapping of endemic areas of disease, as discussed in Box 2, could help identify sensitive locales on which to focus monitoring and surveillance efforts which could identify shifting disease trends early on. Computer-based GIS and remote sensing technology can assist in the organization and analysis of this type of data and can enhance our understanding of the associations between climate change and human health.
Considering the magnitude of the potential public health impacts from climate change, interdisciplinary links for promoting an integrated assessment need to be advocated (Table 3 ). Yet, for a challenge as complex and potentially large as global climate change, discussion must extend beyond scientists from diverse fields to include policy makers at all levels of the assessment. In an area with much uncertainty, such cooperation will enhance initial problem formulation and, ultimately, the risk communication necessary for making informed decisions affecting the health of the public. 
